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Abstract

The success of structural genomics initiatives requires the development and application of tools for structure
analysis, prediction, and annotation. In this paper we review recent developments in these areas; specifically
structure alignment, the detection of remote homologs and analogs, homology modeling and the use of
structures to predict function. We also discuss various rationales for structural genomics initiatives. These
include the structure-based clustering of sequence space and genome-wide function assignment. It is also
argued that structural genomics can be integrated into more traditional biological research if specific

biological questions are included in target selection strategies.
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Structural genomics is a term that refers to high-throughput
three-dimensional structure determination and analysis of
biological macromolecules, at this stage primarily indi-
vidual protein domains. The determination of the three-di-
mensional structures of proteins has for many years come
under the classification of “curiosity” or “hypothesis
driven” research. Structures were generally determined be-
cause they could be expected to teach us something new
about a biological problem; for example, the details of an
enzyme mechanism, the nature of a molecular recognition
process, or the energetic basis of energy transduction pro-
cesses. An important spinoff of structural biology has been
the discovery of new relationships between amino acid se-
quences and protein structures, and among different protein
structures. New computational tools have been developed to
exploit the information that has become available, and many
remarkable and unexpected relationships have been uncov-
ered. Concepts such as protein family, fold, and superfamily
have been introduced (Orengo et al. 1997; Hubbard et al.
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1999), and detailed taxonomies have been developed that
help us understand the complex three-dimensional shapes of
proteins. Structural genomics represents a new direction in
structural biology in that it is based on the goal of deter-
mining as many structures as possible, even in advance of a
well-defined biological question. Nevertheless, the field is
ultimately “curiosity driven” but the questions being asked
now relate to the discovery of complex relationships in se-
quence and structure space and, ultimately, to a deeper un-
derstanding of many biological problems once these rela-
tionships are understood.

It should be recognized that in the short run, structural
genomics will not lead to the determination of the large
macromolecular structures and complexes that have been
the hallmark of the breathtaking advances in structural bi-
ology in recent years. Indeed, the experimental focus has
generally been on technological advances in expression, pu-
rification, crystallization, and structure determination,
whereas the structures themselves need not be particularly
interesting in terms of the new biology they reveal. The
stated goals of structural genomics have reflected this real-
ity. One goal that was expressed at an early stage was the
determination of a representative for each protein fold, thus
providing complete coverage of “fold space.” However,
there is a great deal of ambiguity in the definition of a fold,
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and in fact, an argument can be made that fold space should
be viewed as continuous (Shindyalov and Bourne 2000;
Yang and Honig 2000a; Harrison et al. 2002). A more pre-
cise expression of the goals of structural genomics is the
experimental determination of enough structures so that all
other structures can be built with homology modeling (Vit-
kup et al. 2001; Chance et al. 2002). The figure of 30%
sequence identity is often used as the cutoff, above which a
homology model is viewed as meaningful. Based on this
criterion, it has been estimated that about 16,000 structures
need to be determined (Vitkup et al. 2001). It is perhaps
remarkable, and for a computational biologist quite satisfy-
ing, that an experimental strategy is based on the ability to
construct a model. Functional considerations are also being
used as criteria in target selection, as discussed in a recent
article in this journal from the New York Structural Ge-
nomics Research Consortium (Chance et al. 2002). An ad-
ditional strategy, based on the functional information deriv-
able from homology models, will be introduced below.

Although the goals of structural genomics are varied,
there is no question that the coming years will see a major
increase in the number of proteins whose three-dimensional
structures are known. The status of structural genomics tar-
gets, including information relating to gene expression, pro-
tein purification, and structure determination, is curated and
made publicly available at targetdb.pdb.org. How should
the newly determined structures be used? As part of NESG
(Northeast Structural Genomics Consortium; www.nesg.
org; Bertone et al. 2001) we are attempting to derive maxi-
mum information from each new structure that is deter-
mined by our consortium. Our goals are to assign function
or to suggest functional hypotheses for each new structure
and to update sequence—structure relationships on a con-
tinuous basis. The availability of new structures allows us to
test existing methods and to consider what new computa-
tional tools might be developed so as to better exploit the
continuous flow of new structural information. The goal of
this article is to discuss the approaches currently being used
to analyze new structures and, in a number of cases, to point
to new directions. Specifically we summarize (1) structural
relationships among proteins, (2) methods that combine se-
quence and structural information to derive new relation-
ships between distantly related proteins, (3) protein struc-
ture prediction by homology, and (4) structure-based as-
signment of protein function. As will be discussed, there is
a clear synergistic relationship between computational
methods and target selection in structural genomics. Com-
putational methods generally become increasingly effective
when the data set of protein structures upon which they are
based increases. In parallel, the criteria used to choose the
structures to be determined experimentally will benefit from
improvements in the sensitivity and precision of methods
used to define sequence, structure, and functional relation-
ships between proteins.
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Structure alignments

Folded proteins are constructed from a small number of
secondary structure elements (SSEs) whose mutual organi-
zation in space creates distinct and somewhat striking three-
dimensional patterns. These were visually characterized and
classified in a seminal paper by Jane Richardson, who also
emphasized their esthetic qualities (Richardson 1981). The
visual classification of protein structures and the relation-
ships that can be detected in this way are embodied in the
SCOP database (Hubbard et al. 1999). SCOP classifies most
globular proteins into class (Levitt and Chothia 1976), fold,
superfamily, and family; these terms have been widely
adopted. Fold refers primarily to the organization of SSEs in
space, while superfamily refers to proteins with the same
fold and a related function. In addition to SCOP, another
widely used classification scheme is the CATH database of
Thornton, Orengo et al. (1997). CATH is partially auto-
matic and makes use of the SSAP program (Orengo and
Taylor 1996) to derive structural relationships. As is the
case for SCOP, CATH also involves manual intervention,
particularly to discriminate between groups of proteins that
have a similar fold (analogs) and those that have a common
fold and a functional relationship (homologs, or superfamily
members in the SCOP terminology).

SCOP and CATH are extremely valuable resources that
have been used to derive structure/function relationships
between proteins. SCOP by its very nature does not provide
objective measures by which to describe structural relation-
ships, whereas CATH, although including such a score
(SSAP), is not based exclusively on structural relationships.
A variety of objective measures are available from the many
structure superposition algorithms that have been intro-
duced in recent years (Swindells et al. 1998), all of which
are based on one or more geometric criteria that are use to
characterize structural similarity. For example, DALI
(Holm and Sander 1993) measures structural similarity
based on Ca contact distances while others algorithms such
as SSAP (Orengo and Taylor 1996), VAST (Madej et al.
1995), and PrISM (Yang and Honig 2000a) make use of
secondary structure information. The CE algorithm (Shin-
dyalov and Bourne 1998) utilizes aligned fragment pairs of
a given length; the program MAMMOTH (Ortiz et al. 2002)
performs sequence- and secondary structure-independent
structural alignments by detecting subsets of aligned pairs;
the MUSTA program (Leibowitz et al. 2001) performs mul-
tiple structure alignments implementing an alignment algo-
rithm based on a geometric hashing technique that is se-
quence-independent (Nussinov and Wolfson 1991). Struc-
tural similarity is often measured in terms of RMSD, but
this can be ambiguous, as the definition of topologically
equivalent residues to be used in the calculation of an
RMSD is not always clear. The problem becomes more
extreme for distantly related proteins. In addition, RMSD
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measures are clearly more meaningful as the length of the
aligned segments increases, a problem that has recently
been addressed by Carugo and Pongor (2001), who intro-
duced a normalized RMSD score. Structural similarity is
often reported in terms of a Z-score, which measures a
deviation from a database average. Z-scores determined
with different algorithms have no direct relationship but, in
the context of a widely used program such as DALI, provide
an extremely meaningful measure of structural relation-
ships. PrISM, a program developed in our lab (Yang and
Honig 2000a), defines a protein structural distance (PSD)
that is a composite score including a contribution from both
an RMSD term and a term that accounts for the spatial
arrangement of SSEs. In this way it attempts to measure
similarities even for distantly related proteins.

This brief summary illustrates the underlying reality that
there is no unique and objective measure for defining struc-
tural relationships between proteins. Nor, as pointed out by
Godzik, is there unique way of aligning two proteins
(Godzik 1996). On the other hand, most algorithms yield
similar conclusions as to what is similar and what is not.
Significant discrepancies do, however, arise, and it may be
worthwhile utilizing multiple approaches in a particular ap-
plication.

The identification of relationships between proteins based
on structural alignments has a number of goals. The iden-
tification of homologs permits functional inferences so
clearly revealed in the SCOP and CATH databases. In con-
trast, identifying structural analogs provides no obvious
functional information but may be extremely useful if one is
interested in common sequence features that cause a protein
to adopt a particular topology (Yang and Honig 2000b). It is
interesting in this regard that it is difficult to distinguish
homologs from analogs on purely structural terms (Rost
1997; Russell et al. 1998; Yang and Honig 2000b). This
difficulty reflects the fact that sequence features that deter-
mine structure are often distinct from those that determine
function. Indeed, it is often the case that there is no detect-
able sequence conservation pattern common to structures
with the same fold. Thus, when a well-defined sequence
pattern is observed it is generally an indication of an evo-
lutionary relationship, suggestive of a functional relation-
ship, rather than resulting from the sequence requirements
for a particular fold (Yang and Honig 2000c).

Sequence- and structure-based remote
homolog and analog detection

Because the detection of functional homologs is the central
approach currently used to assign function to specific genes,
increasing the sensitivity of homolog detection is a problem
of central importance. Pairwise sequence search methods
such as BLAST and FASTA (Pearson and Lipman 1988;
Altschul et al. 1997) can reliably identify homologs down to

about the 30% sequence identity level. More recently, mul-
tiple sequence profile methods such as PSI-Blast (Altschul
et al. 1997) and Hidden Markov Models (HMM; Krogh et
al. 1994; Eddy 1995, 1996; Karplus et al. 1998) have sig-
nificantly enhanced our ability to detect remote homologs
beyond what is possible with pairwise sequence methods.
Databases such as Pfam (Bateman et al. 2002) and SMART
(Schultz et al. 2000) contain multiple sequence alignments
of individual protein and domain families. Other sequence
derived database include PROSITE (Falquet et al. 2002),
which contains profiles generated from multiple sequence
alignments; EMOTIF (Huang and Brutlag 2001), which
contains the sequence alignments from the BLOCKS+ and
PRINTS databases (Attwood and Beck 1994; Henikoff et al.
1999), and InterPro (Apweiler et al. 2000), a database com-
bining information present in the PRINTS, PROSITE,
Pfam, TIGERFAMs (Haft et al. 2001), and ProDom (Ser-
vant et al. 2002) databases and cross-referenced with
BLOCKS. These databases can be searched for functional
relationships using Web-based servers.

Pure sequence-based methods have inherent statistical
limits. The use of structural information has been shown to
increase both the detection sensitivity and alignment accu-
racy once a relationship has been detected. Structure-based
3D-1D sequence profiles (Bowie et al. 1991) and fold rec-
ognition methods (Jones et al. 1992) have been in use for
some time (Jones 1997) and will not be reviewed here.
Recent advances in both of these approaches have involved
methods that combine sequence, structural, and functional
information (Johnson et al. 1993; Elofsson et al. 1996;
Fischer et al. 1996; Rice et al. 1997; Rost 1997; Jaroszewski
et al. 1998; Hargbo and Elofsson 1999; Jones et al. 1999;
Kelley et al. 2000; Panchenko et al. 2000; Kolinski et al.
2001; Shi et al. 2001; Reva et al. 2002).

The use of multiple structure alignments to derive mul-
tiple sequence alignments offers an alternative approach to
the mapping of structural information onto sequence (Mi-
zuguchi et al. 1998; Matsuo and Bryant 1999; Yang and
Honig 2000c; Reddy et al. 2001). Sequence profiles gener-
ated from multiple structure alignments have been used to
identify homologous core structures (Matsuo and Bryant
1999), to identify evolutionarily conserved residues (Mirny
and Shakhnovich 1999; Yang and Honig 2000c; Reddy et
al. 2001), and to derive structure-based substitution matrices
(Ogata et al. 1998; Prlic et al. 2000; Blake and Cohen 2001).
On the other hand, although the use of multiple structure
information can improve alignment quality (Panchenko et
al. 2000; Shi et al. 2001), sequence profiles generated en-
tirely from multiple structure alignments alone do not per-
form particularly well (Panchenko et al. 2000; Gough and
Chothia 2002; Griffiths-Jones and Bateman 2002). These
papers have shown that profiles constructed with the indi-
vidual family members as seeds performed better than those
constructed with a single combined alignment of an entire
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family. Recently, multiple structure alignments have been
combined with multiple sequence alignments to enhance
both sequence search sensitivity (Kelley et al. 2000) and
alignment quality (Al-Lazikani et al. 2001). In these ap-
proaches, sequences for which structures are available are
aligned with a multiple structure alignment. Each of these
sequences is then used as a seed to align to related se-
quences using a multiple sequence alignment. The indi-
vidual multiple sequence alignments are then merged
through the multiple structure alignment to yield what we
will term a sequence enhanced multiple structure alignment.
However, even when sequence and structural information
are combined, strong sequence signals can at times be lost
when three-dimensional position specific scoring matrices
(3D-PSSM) are used (Kelley et al. 2000).

Homology modeling

Homology or comparative modeling involves the prediction
of the structure of a query sequence from the structures of
one or more structural templates. The procedure involves
the identification of possible templates that have a clear
sequence relationship to the query, the assembly of the
model, the prediction of regions of the structure that are
likely to have different conformations than the templates
(e.g., loops), and ultimately, the refinement of the structure
in an attempt to account for inherent differences between
the template and query structures. As mentioned above, ho-
mology modeling figures heavily as a rationale for struc-
tural genomics initiatives under the stated assumption that
accurate models can be built for query sequences that have
a greater than 30% sequence identity with their best tem-
plate. Of course, the accuracy requirements for a homology
model depend in large part on why the model is being built.
For example, if one is using a model in structure-based drug
design there is a clear need for a highly accurate description
of the ligand binding site. In contrast, if an electrostatic
pattern on a protein surface (Honig and Nicholls 1995) is of
interest to help identify a binding interface with another
protein, nucleic acid, or membrane, it may be possible to
suffice with a less reliable model based on lowers levels of
sequence identity to the template. Thus, the 30% rule is best
used as a useful guideline rather than as a meaningful cutoff
as to when a model should be viewed as reliable.

The quality of the alignment of the query to the template
sequence is a major factor in determining the quality of
homology models. This is one of the sources of the 30%
rule, because alignment quality usually decreases dramati-
cally below about 30% sequence identity. (A structural ex-
planation for this observation has been offered by Chung
and Subbiah, 1996). On the other hand, continuing improve-
ments in profile-based sequence alignment methods have
extended the range of sequence identities where it seems
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appropriate to attempt the construction of a homology
model. It is interesting in this regard that some of the ho-
mology modeling targets in the CASP4 (Venclovas 2001)
and CASPS5 experiments have no homologs in the PDB that
have significant levels of sequence identity with the query.
Rather, the assignment to the homology category is based
on the availability of statistically significant Psi-Blast hits
(Tramontano 1998). Advances in the accuracy of sequence
alignments using structure-based profile methods such as
those described above should result in continuing improve-
ments in the quality of homology models and in an increase
in the number of sequences for which a meaningful homol-
ogy model can be built.

Once one or more templates have been identified and
alignments have been decided, a decision must be made as
to how to construct the model. A number of strategies have
been adopted (Sanchez and Sali 1997). When one template
is clearly preferable, the coordinates of the aligned residues
in the query are simply superimposed on those of the tem-
plate. When more than one template is available, it is pos-
sible to construct a model based on multiple templates
where the coordinates of the query are required to satisfy
spatial constraints defined by interatomic distances in each
of the templates. This is the main strategy adopted in the
widely used MODELLER program (Sali and Blundell
1993). A third option is to construct a composite model that
is assembled from structural fragments taken from different
templates. A new program, Nest, developed in our lab, al-
lows the user to choose any one of these options or to allow
the program to decide on its own which option to choose
(http://trantor.bioc.columbia.edu/~xiang/jackal/index.html;
Z. Xiang and B. Honig, in prep.).

Once a model has been constructed for the backbone, the
conformations of side chains that are different between the
query and template need to be predicted. The standard pro-
cedures is to sample rotamer libraries for each residue (Pon-
der and Richards 1987; Xiang and Honig 2001; Dunbrack
2002) and search for the combinations of side chain con-
formations with the lowest energy (Bower et al. 1997; Levitt
et al. 1997). There are a large number of possible rotamer
combinations for an entire protein, and this has led to the
application of advanced sampling techniques to the problem
(Lee and Subbiah 1991; Vasquez 1996; De Maeyer et al.
1997). These seem particularly important for problems of
protein design where the actual sequence of the protein
needs to be determined (Dahiyat and Mayo 1997; Gordon
and Mayo 1999; Looger and Hellinga 2001). However, the
combinatorial problem is much less severe than what was
generally assumed if one wishes to predict the conforma-
tions of buried side chains in a given protein, presumably
because the problem of packing the protein interior is so
constrained by steric factors (Xiang and Honig 2001). If a
large number of rotamers per residue are sampled, it is
generally possible to find low energy conformations that
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correspond quite closely to the native structure (Xiang and
Honig 2001; Jacobson et al. 2002).

A second problem that has been addressed for many years
is the prediction of the conformation of loops. These often
correspond to regions of the query sequence that are differ-
ent than those of the template so that the problem of loop
prediction is an important element in homology modeling.
Two general approaches have been applied to the prediction
of loop conformation: database search and ab initio tech-
niques. In the database search method, a library of segments
derived from known protein structures is searched for con-
formations that fit the topological constraint of the loop
stems. Loop candidates found in this way can then be evalu-
ated by different criteria such as sequence relationships be-
tween the template and query segment or some measure of
conformational energy. In some applications, such methods
can be very powerful; for example, when canonical struc-
tures exist, as is the case for the hypervariable loops of
antibodies (Chothia and Lesk 1987; Martin and Thornton
1996). However, in general, there is no guarantee that the
correct loop conformation can be found in the PDB. Ab
initio methods involve the generation of a large number of
loop conformations, usually randomly, and their evaluation
based on some sort of energy function (Bruccoleri and
Karplus 1990; Rapp and Friesner 1999; Fiser et al. 2000).
Recent advances in ab initio loop prediction (Fiser et al.
2000; Xiang et al. 2002) suggest that the approach will, in
general, yield significantly more accurate predictions than
fragment based methods. This is because it is possible to
generate and evaluate far more conformations for a given
loop than are available from fragments in the PDB.

Despite progress in sequence alignment, model building,
and loop and side chain prediction, formidable problems
still remain in homology modeling. Even the most accurate
loop and side chain procedures only work well when the
conformation of the backbone is accurately known, and this
often is not be the case. Indeed, there are frequently differ-
ences in conformation between query and template, and
unless these can be predicted, they pose an inherent limita-
tion on all model-building procedures. This is another rea-
son that prediction accuracy declines at low levels of se-
quence identity; as proteins diverge more in sequence, they
tend to diverge more in structure (Yang and Honig 2000b).
Thus, even if an alignment is perfect, the accuracy of the
homology model will depend on the degree of structural
similarity between template and query. Structural genomics
initiatives will help solve this problem by providing more
templates with significant levels of sequence identity to ev-
ery protein whose structure is not known. In addition, con-
tinuing advances in the ability to evaluate conformational
free energies offer the possibility of significant improve-
ments in structure prediction.

Programs such as Verify 3D (Luthy et al. 1992) and Prosa
IT (Sippl 1993) that provide measures of protein stability are

already widely used in evaluating the reliability of different
models and in identifying regions of a structure that do not
appear to be native-like. However, if a truly accurate
method of evaluating relative conformational free energies
were available the procedure of constructing a large number
of models for each protein and choosing based on their
relative stabilities would become far more effective. Con-
formational free energy “scoring functions” fall into two
categories: statistical effective energy functions that are
based on the observed properties of amino acids in known
structures and physical effective energy functions that are
based on a direct evaluation of the conformational free en-
ergy of a protein (Sippl 1995; Samudrala and Moult 1998;
Simons et al. 1999; Lazaridis and Karplus 2000; Petrey and
Honig 2000). Both approaches are generally capable of dis-
criminating native conformations from incorrectly folded
“decoys,” but this does not guarantee that they are able to
determine which of two partially incorrect structures is clos-
est to the native conformation. Even if this was possible, the
problem of beginning with a structure that differs from the
native, and relaxing it in such a way so as to arrive at a
near-native conformation, or at least a structure that is closer
to the native than the initial conformation, still remains. Of
course, the two problems are closely linked; the more ac-
curate the evaluation of the conformational free energy, the
more likely it is that some procedure that produces confor-
mational change, such as molecular dynamics, will be able
to improve on a model constructed from one or more tem-
plates. The goal of significantly improving a structure con-
structed from one or more templates poses a major compu-
tational and theoretical challenge that must be overcome if
there is to be significant progress in homology modeling
beyond what will result from the availability of an increas-
ing number of structures.

Structure-based functional analysis

The functional annotation of newly determined structures
(Teichmann et al. 2001) is important, not only for gaining
biological insights, but for uncovering novel relationships
between sequence, structure, and function. There are a num-
ber of ways in which structure determination can aid in the
assignment of function. Some of these involve enhance-
ments in widely used methods while others will require the
development of totally new technologies that exploit three
dimensional structures in novel ways. The assignment of
function based on sequence homology is, of course, the
most direct way of assigning function so that the advances
in remote homolog detection based on structural informa-
tion, as summarized above, will inevitably improve function
assignment. Similarly, structural alignment methods allow
the direct determination of relationships between proteins
that are not evident from sequence analysis so that each new
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structure has the potential of revealing new functional rela-
tionships (Zarembinski et al. 1998; Hwang et al. 1999; Volz
1999; Du et al. 2000).

A number of groups have investigated the correlation
between sequence, structure, and functional similarity using
E.C. numbers as a measure of functional relationships, in-
cluding identifying the relationship between CATH or
SCOP classification and E.C. number (Martin et al. 1998;
Hegyi and Gerstein 1999; Devos and Valencia 2000;
Pawlowski et al. 2000; Wilson et al. 2000; Todd et al. 2001;
Rost 2002). Thornton and coworkers (Martin et al. 1998)
report that enzyme function is not closely related to protein
fold, indeed, it is well known that enzymes with very similar
functions can have very different folds (the classic example
being serine proteases such as subtilisin and trypsin). In
contrast, a correlation was found between protein architec-
ture and ligand type. Russell et al. have found that there are
locations on groups of analogous proteins that show a ten-
dency to bind substrates despite the absence of any evidence
that these proteins are evolutionarily related (Russell et al.
1998). It is not clear that the existence of such “supersites”
suggests the existence of a common ancestor or whether
they simply reflect an underlying structural or physical-
chemical property of a particular fold. Studies of this type
raise intriguing questions whose answers may become more
accessible as the number of available three-dimensional
structures grows. These goals will be aided by efforts such
as the Gene Ontology (GO) project, which provide a more
detailed functional annotations of gene products than has
been available in the past (Ashburner et al. 2000). GO clas-
sifies sequences into multiple categories, based on their spe-
cific function, biological process, and subcellular location,
and should thus enable the detection of relationships that
would not otherwise be evident.

Although the expectation is that many proteins solved as
a result of structural genomics initiatives will not have iden-
tifiable sequence or structural homologs, it is clear that in
many cases alignments of global structures will reveal re-
lationships that aid in the assignment of function. However,
there are many ways to define function, and as the desired
definition becomes increasingly precise it becomes neces-
sary to examine local motifs rather than global features. In
parallel with the sequence motif databases that have been
assembled (e.g., BLOCKS, PRINTS, PROSITE) a number
of groups have developed methods to define three-dimen-
sional motifs so that each new structure can be searched
for the presence of a particular local pattern. For example,
Wallace et al. (1996, 1997) have assembled a database of
three-dimensional templates of active site residues. Their
PROCAT database can be searched (http://www.biochem.
ucl.ac.uk/bsm/PROCAT/PROCAT.html) to identify groups
of residues in a query structure with orientations consistent
with those in known active sites (Wallace et al. 1996). Ka-
suya and Thornton have shown that many PROSITE pat-
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terns have a common three-dimensional structure that pro-
vides a basis for creating a library of functional templates
(Kasuya and Thornton 1999). Skolnick et al. developed geo-
metric and conformational descriptors of active site residues
(Fetrow and Skolnick 1998; Fetrow et al. 1999). These
“fuzzy functional forms” contain information from se-
quence conservation, and biochemical data, as well as de-
scribe geometric relationships between active site residues.

Another approach that has been used to identify function-
ally important regions involves the mapping of conserved
sequence features on the protein surface. Methods in this
category include Evolutionary Trace (Lichtarge et al. 1996),
ConSurf (Armon et al. 2001), 3D-Cluster (Landgraf et al.
2001), and AL2CO (Pei and Grishin 2001). These ap-
proaches have been used to successfully identify clusters of
specific ligand binding residues (Aloy et al. 2001; Armon et
al. 2001; Pei and Grishin 2001; Lichtarge and Sowa 2002;
Madabushi et al. 2002).

The physical and chemical nature of the protein surface
offers an approach to the analysis of function that has only
been partially exploited. Electrostatic, hydrophobicity, and
geometric patterns such as those revealed in the GRASP
program (Nicholls et al. 1991) have been used for some time
to identify functionally important regions on protein sur-
faces. For example, patches of electrostatic potential are
often indicators of a binding interface, usually to a molecu-
lar with a potential of opposite sign (Honig and Nicholls
1995). This is, however, not always the case; indeed, some
interfaces appear to exploit electrostatic interactions to drive
binding, while in others hydrophobic residues appear to be
the dominant surface feature (Sheinerman and Honig 2002).

The quantitative description of protein surfaces is a prob-
lem that offers considerable potential in the structure-based
analysis of function. In analogy with structural alignment
methods that have been developed to identify common geo-
metric features in the polypeptide backbone, it would be
extremely valuable to be able to identify common surface
features that are characteristic of a particular binding func-
tion. These might include descriptors of shape, electrostatic
potential, hydrophobicity, and sequence conservation,
mapped onto a protein surface rather onto individual amino
acids. A number of efforts with this goal in mind have
already been reported. These include patch analysis of
(Jones and Thornton 1997), which analyzes surface features
of patches of residues, and the GRASS (Nayal et al. 1999)
and SPIN servers (www.trantor.bioc.columbia.edu), which
an be used to identify functionally relevant residues in pro-
tein structures. Recently, Klebe and coworkers (Schmitt et
al. 2002) reported a new method to recognize similar bind-
ing pockets on protein surfaces independent of any se-
quence or structural relationship these proteins might have.
They describe a database (Cavbase) that contains active-site
cavity descriptors that can be searched to help assign func-
tion to proteins of that may exhibit similar binding properties.



Computational methods for structure analysis

Discussion

In this review we have summarized (although not exhaus-
tively) computational methods that are an integral compo-
nent of current structural genomics initiatives. These meth-
ods can aid in the detection of novel relationships between
proteins and in assigning function to individual proteins.
Computational tools in this area can be expected to improve
as additional data become available and as our understand-
ing of the principles of protein structure and function con-
tinues to develop. Indeed, the advent of structural genomic
initiatives is certain to spur the development of a host of
new computational methods aimed at detecting new rela-
tionships between sequence, structure, and function.

Large-scale analysis is a common underlying theme in
much current research effort in areas characterized by the
“omics” suffix. Genome-wide structure prediction and func-
tion assignment are agreed upon goals as is the structure and
function-based clustering of sequence space. These goals
are clearly of great value, but they are only part of the
picture. Much of biology still involves a focus on individual
problems, and this is likely to remain the case for years to
come. Thus, it becomes appropriate to ask how the vast
quantities of new data can be used to address specific prob-
lems in detail rather than to provide a broad overview of
genome-wide behavior. One approach is to develop a de-
tailed structural description of entire protein families that is
not accessible if the structures of just a few family members
are available. It is important, for example, not only to know
what family members have in common but also to under-
stand how they are different. Biological specificity lies in
the differences, for example, in the nucleotide sequence-
specific DNA recognition of closely related transcription
factors or in the differential phosphotyrosine containing
peptide binding of different SH2 domains. Knowing the
structures of all family members would clearly be useful in
addressing questions such as these, but the spirit of many
structural genomics initiatives is to avoid solving the struc-
tures of many closely related proteins.

The methods described in this review offer at least a
partial solution to the problem. Continued progress in the
development of sequence and structure alignment methods
will increase the sensitivity of remote homolog detection
and alignment accuracy will continue to improve. In paral-
lel, homology modeling will become an increasingly more
accurate procedure, and it will become possible to construct
meaningful homology models for entire protein families.
Such models will provide the basis for a more detailed
analysis of function than has been available in the past and,
in the hands of researchers interested in the biology of a
particular problem, will provide powerful tools for the
analysis of experimental data and for the design of new
experiments (see, e.g., Murray and Honig 2002). The num-
ber of structures required to model all members of a par-

ticular family will not necessarily conform to the 30% rule
mentioned above, but rather may be dictated by the prop-
erties of the family and by the particular question being
asked. This protein family-based approach will still con-
form to the structural genomics approach of solving enough
structures so that all others can be obtained from homology
modeling, but the number of structures needed to be solved
will be determined on a case by case basis. A target selec-
tion strategy with these ideas in mind may provide a link
between structural genomics initiatives and more traditional
research in structural biology.
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